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ABSTRACT
Due to the rapid propagation of rumours in Online Social
Networks (OSNs), identifying and understanding character-
istic patterns, evolution and user behaviours behind this ac-
tivity is essential. Yet, there are few tools that can support
analysing rumours and activities of players in their propa-
gation. In this paper we propose a visual analysis approach
to explore rumour components and life cycles as well as
their association with user actions. The approach is real-
ized by the implementation of a prototype system, called
RumourFlow. Our framework designs, adopts and imple-
ments multiple visualizations and modeling tools that are
integrated to reveal rumour contents and participants’ activ-
ity, both within a rumour and across different rumours. The
approach supports analysts in drawing hypotheses regard-
ing rumour propagation. This paper presents the various
models, algorithms and visualizations employed for rumour
strength, rumour contents, user participation, as well as the
core role of the visualizations in studying this phenomenon.
The effectiveness of the approach is illustrated by a use case
highlighting relevant insight into rumour spreading, most of
which could not otherwise be observed.
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1. INTRODUCTION
A rumour is defined as a truth-unverifiable statement that
is spread in uncertain situations and arose when their themes
are significant to a large number of individuals and their
truths are not straightforward to verify [5]. Online Social
Networks (OSNs) have recently emerged as the favoured me-
dia for spreading information such as breaking news, sport
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events, fashion trends, as well as rumours and other less
credible information, with unverified authority and sources
[8]. As an example, so many rumours were communicated
via OSNs during the Swine Flu outbreak in 2009 that the
US government had to tackle the problem officially on their
website [1].
Detecting rumours in OSNs has been actively researched
in the literature [12,13], mostly trying to detect rumours in
OSNs by applying different feature sets using a supervised
learning approach. However, the morphing characteristics
of rumours makes it challenging to define a fixed set of at-
tributes, unless the phenomenon is understood more deeply.
For example, it is not trivial to determine when a rumour
starts and how it ends. Each rumour can peak, get de-
bunked, stay dormant, or disappear. Additionally, user be-
haviour towards rumours vary. There are various stochastic
spread models [2, 9] to simulate how rumours are propa-
gated between users in social networks. Also, researchers
have tried to analyze and understand who spreads rumours
[10,11]. However, associating content flow, interest evolution
and user participation is necessary to completely describe
(and thus better detect and influence) rumour spreading.
This work introduces an approach to tackle this multi-
component problem by adapting state-of-the-art visualiza-
tion techniques and providing a Visual Analytics (VA) tool
for understanding and analyzing how rumours are dissemi-
nated and discussed by OSN users. The proposed approach
is supported by a set of analytical tools including rumour
spread models, sentiment analysis, Wikipedia entity link-
ing, and text semantic similarity, to help attain a visual
summarization of the many facets of rumour spread, and
provide various levels of granularity through an exploratory
interface. The focus is on giving support to analyse past
and present rumour flows as well as their players, so as to
enable improvement of current models for rumour initiation
and propagation, and for future rumour detection and fact
checking algorithms.
The proposed RumourFlow system design principles are
guided by two main observations from experts in rumour
spread [5]: (1) Topics about a rumour evolve over time.
Some new topics may appear, and others may fade and (2)
most rumours are spread by comparatively few active users.
It makes the following contributions:
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1. Design and implementation of an end-to-end visualiza-
tion framework that coordinates multiple representa-
tions of rumour spread in Reddit. By integrating text
mining and information diffusion models, the system
facilitates data exploration and analysis for online ru-
mour spread.
2. Adaptation and visualization derived from social sci-
ence theories, for example, DiFonzo’s rumour spread
psychology [5] and Daley and Kendall’s rumour spread
theory [2], with preliminary results supporting its con-
firmation.
3. Design and evaluation of a case study about the ru-
mour“Obama is a Muslim”that qualitatively validates
the effectiveness of our visualizations and models.
To the best of our knowledge, RumourFlow is the first
visual analytics system for exploring rumour spread with
regards to topic flow and user interaction in social media
derived from social science theories.
2. RELATEDWORK
This section presents current research on visualizing infor-
mation flow and rumour information in OSNs, from which
we draw connections to the work presented here.
2.1 Visualizing Information and Rumour Flow
in OSNs
Important previous work has also dealt with presenting
information from social media. Wu et al. [16] presented
OpinionFlow which utilized information diffusion theories
to visualize how opinions are disseminated by Twitter users
through the adoption of Sankey diagram and a tailored den-
sity map. Users can select multiple topics from a stacked
tree of topics to compare their diffusion patterns on Twitter.
OpinionFlow is related to ours in that the flow of information
(in this case, opinion) is central to the task. However, focus
is first turned to calculating topics, and then examining cho-
sen topics over time, where change in topics is modelled by
users from one topic influencing the other. In our case, the
whole rumour has to be the central aspect, and the topics
secondary to the main examination of rumour life cycle and
participation. Recent scholars have relied on visualizations
to show information regarding rumours in OSNs. Ratkiewics
et al. [14] developed Truthy, a supervised-learning visualiza-
tion framework to identify misleading political campaigns by
collecting, analyzing, and visualizing messages from Twitter.
Zhao et al. [17] presented FluxFlow, an interactive visualiza-
tion system to analyze and discover anomalous information
in OSNs. The system visualizes tweets and adopts a super-
vised learning approach to detect tweet anomaly. Current
work on rumours focuses on providing tools to support the
detection stage of the process. RumourFlow differs from
previous approaches both in focusing on rumour lifecycle as
well as in integrating information diffusion and user activity
views to provide a complete view of rumour spread in OSNs.
It assumes rumour is detected since there are currently tools
that can be used to retrieve them. RumourFlow provides a
robust visual analytic tool so that individuals can explore
in order to understand and associate different aspects of ru-
mours.
3. RUMOURFLOW FRAMEWORK
RumourFlow’s internal components are illustrated in Fig-
ure 1 and the main layout of RumourFlow VA system are
shown in Figure 2. The description of the various elements
of the approach, as well as the main visualizations associated
with them, are presented next. We first describe the data
collection strategy. Then, as the proposed framework fo-
cuses on visualizing how rumours evolve and spread in term
of topics and user activities, we outline how we adopted var-
ious models of rumour spread (Sec. 3.2) and the way users
interact with each other (Sec. 3.3).
Figure 1. RumourFlow proposed visualization framework.
3.1 Collecting Rumours
RumourFlow explores two sources of information: (1) a 
corpus of known rumours, and (2) social network data of 
rumour spread. It uses Snopes.com as a source for explor-
ing and validating rumours, and Reddit.com as a source of 
conversations regarding rumours. Snopes is a website that 
collects memes, urban legends, and stories with unknown or 
uncertain origins. Reddit is a social networking and news 
website where users, called Redditors, can create a submis-
sion with text content and direct links to other online con-
tent. Other Redditors can comment on and vote to decide 
the rank of submissions. The site has a large user base that 
discusses a wide range of topics such as politics and world 
news every day. Unlike other OSNs, Reddit implements an 
open data policy; hence, users can query any posted data 
on the website. Reddit starts to be a popular source for 
analyzing and studying social network data [3]. This makes 
Reddit a valuable resource to study the spread of rumours 
in OSNs.
3.2 The Rumour Spread Models
For the spread of rumours, both the evolution (or flow) 
of information and the topics discussed by the players are 
of importance. Next we describe how both are handled in 
RumourFlow.
3.2.1 Rumour Spread Models and Visualization
One of the first roles of a visual system for rumour analysis
is to visualize the rumour strength, as well as its main topics,
influential users, and sentiment directions. A rumour R is
composed by a series of submissions {S1, S2, ..., Sn}, where
Si represents the submission at time ti in Reddit. Each sub-
mission S is represented as {T,U,C} where T is the set of
topics {T1, T2, ...Tn}, U is the set of users {U1, U2, ..., Un},
18
Figure 2. RumourFlow visualization interface for 8 
rumours and k = 20. The top part is the current overall 
view, in-cluding evolution of 8 rumours and concept 
wordcloud. The bottom part details some aspect of the 
data, in this case the topics extracted for one particular 
rumour, as well as rumour wordcloud.
and C is the set of comments {C1, C2, ..., Cn} on the sub-
mission related to this rumour.
For the rumour spread visualization, RumourFlow adopts 
the rumour spread theory of DiFonzo [5] where the signifi-
cance of rumour spread is represented by the high-level for-
mula: Rumour = Importance + Ambiguity
This formula is to define that a rumour popularity de-
pends on its importance and ambiguity (the formula is not 
a numeric calculation). The proposed system uses sentiment 
analysis to reflect the ambiguity or controversy of rumours. 
Adopting the approach of Dang-Xuan et al. [4] have shown 
that, for a blog post, the more controversial the comments, 
the more popular this post will be. As the submission title 
is very short and concise, Wikipedia entity linking [15] was 
used to extract important topics at a time t. We model the 
rumour spread formula to:
Rumour(t) = Sentiment(St) + T opics(St) + Users(St)
where, Sentiment(St) = (P os − Neg)/(P os + Neg), and 
for a submission St, P os = total number of comments with 
positive sentiment, Neg = total number of comments with 
negative sentiment. T opics(St) is a set of topics extracted 
from the title using Wikipedia entity linking, and Users(St) 
is a set of users that have comments in the submission at 
time t. The formula above means that the system visualizes 
the spread of a rumour based on three parameters: the sen-
timent of its users, topics, and number of users (the formula 
is not a numeric calculation).
The Rumour Stream View (see top left part of Figure 2) 
presents an overview of how a rumour evolves over time. It 
places the different rumours in layers, or streams, adopting 
the “river” metaphor [6]. That view is created selecting the k 
most relevant posts in the life cycle of a rumour and plotting 
them in a temporal order. Thus the horizontal axis repre-
sents the submission temporal order. The layer width codes 
the number of comments for that main post, as a measure 
of popularity. Each post is marked by a circle, whose size 
represents ambiguity (larger for more controversial).
In each stream, there is an internal layer, or sub-stream, 
that reflects the number of unique users of a submission at a
given time. A rumour with a high number of comments and
high number of unique users will be more popular than a
rumour with a high number of comments but a low number
of unique users. Each main stream may also show, for each
submission, either the topics extracted using Wikipedia en-
tity linking or the user with the most comments. This view
allows analysts to compare different rumours with regard to
their life cycles, active players and popular topics from start
to end. If only one rumour is selected, the x-axis shows the
actual timeline of its submissions.
3.2.2 Topic Flow Models and Visualization
The Topic Flow view visualizes the evolution of topics
for a given rumour, employing a Sankey graph to repre-
sent how topics flow inside a rumour. In the graph, for
any two continuous submissions Si = {Ti1, Ti2, ..., Tin} and
Sj = {Tj1, Tj2, ..., Tjn}, a link from topic Tm in Si to topic
Tn in Sj is created based on one of two criteria: semantic
and user. The semantic criterion links two topics by se-
mantic similarity, computed using Google Tri-gram Method
[7]. This affords the perception of topics being discussed
when the rumour increased in attention and the degree to
which they are semantically related. The user criterion
links two topics in the following way: For two continu-
ous submissions S1 = {U1, T1} and S2 = {U2, T2} where
Ti = {Ti1, Ti2, ..., Tin} and Ui = {Ui1, Ui2, ..., Uin}, there is
a link from topic Ti in S1 to topic Tj in S2 if U1 ∩ U2, the
number of common users between two submissions S1 and
S2, is above a threshold (default 1). The Sankey graph based
on this connection allows the viewers to perceive the volume
of migration of users from one topic to another along the
rumour life cycle. Sankey graphs have been used before to
visualize topic flows in OSNs [16], though with a construc-
tion based on influence models, instead of topic changes.
3.3 User Models and Visualizations
It is important for a complete rumour analysis that user
activity is also understood. For that we model and visualize
types of behaviour towards spreading the rumour as well as
the level of activity.
3.3.1 User Spreading Behaviour
Figure 3: User Flows in OSNs for three types of users of
“Obama is a Muslim”
The User Flow view reflects our formalization of the prob-
lem of how users interact with a rumour. RumourFlow
adopted the rumour spread model theory of Daley and Kendal
[2]. In this model, N is the number of users that interact with
this rumour. In the beginning, one user learns about this
rumour from another source and tries to spread it in Reddit
by posting a submission. Other users will read this submis-
sion and start spreading to other members on the website.
N users will be categorized into one of the three categories:
spreaders, ignorants and stiflers, which are denoted as S, I,
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and R respectively at a given time. RumourFlow adapted
this rumour spread theory in Reddit as a stochastic process
on S = {S, I,R}N where N is the total number of users for
a rumour in a dataset. At a time t, the state of user i is
Xi(t). The procedure is as follows:
1. The rumour starts when the first user A spreads this
rumour by posting a submission (S = 1, I = total num-
ber of users at time t0 − 1, R = 0).
2. All the users who have a comment on this submission
are ignorants at t0 and will become a spreader after.
3. At time t:
(a) If user j posts this submission, user j is a spreader.
(b) If user j has a comment on this submission:
i. User j is a spreader if user j has a comment
at t− 1.
ii. User j is a stifler if user j has a comment at
time t− 2...t0.
iii. User j is an ignorant if user j has no com-
ments at time t− 1...t0.
(c) User j will become a spreader after time t.
4. RESULTS
4.1 Characteristics of a Rumour - ACase Study
We used RumourFlow to analyze the rumour “Obama is
a Muslim” and found some interesting patterns. Using the
Rumour Stream view, we found that this rumour dates back
to 2008, was debunked in 2009 by Snopes, but did not burst
until 2012 which coincided with the US president election.
Using the Topic Flow view, we observed that some topics re-
flect the truth of this rumour, for example, “hilarity ensues”
and “complete idiots”.
Figure 3 shows the interest grows over time (that is, more
ignorant users potentially getting into the conversation) and
there are more spreaders than stiflers for the rumour“Obama
is a Muslim”. Eventually both user flows die out but a few
minor outbreaks occur which agrees with Daley and Kendall
rumour spread theory [2]. From the visualizations, we see
that the number of ignorant users is the highest, which is
consistent with other rumours.
5. DISCUSSIONS AND CONCLUSIONS
The RumourFlow approach has been demonstrated to al-
low a number of very important insights into rumour evolu-
tion, topic ramification and user activity in online social net-
works, that would not otherwise be available from the orig-
inal textual form of the data. Additionally, a large number
of associations between different rumour components (life
cycle, topics, user importance and distinct user behaviours)
can be observed and some current social science theories
available can be confirmed in the context of online social
networks. The approach bridges a gap currently existing in
the analysis of microblog data related to rumour dynamics.
Investigative applications of various kinds can also ben-
efit from the framework. Two particular important exten-
sions are planned. One involves using the system to inspire
and extract features for categorization of user behaviours to-
wards rumours, and a second extension involves adding the
possibility for user to remove and add information, influenc-
ing the layouts.
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